Shallow groundwater is generally of great interest to the community due to its easy availability.
INTRODUCTION
Water quality assessment is a complex problem due to multiple factors involved, and difficulties of accurate identification of the pollution components which are affected by many factors and processes. The groundwater quality depends not only on natural factors such as the lithology of the aquifer, the quality of recharge water and the type of interaction between water and aquifer, but also on human activities, which can alter these groundwater systems either by polluting them or by changing the hydrological cycle (Helena et al. ) . Pollutant issues in water sources because of human activity have been of great concern in recent years (Nash & According to a review paper of ANN applications to water resource variables that had been published until the end of 1998 (Maier & Dandy ) , the authors reviewed 43 papers and reported that in these papers surface water flow and quality was the topic in 28 and rainfall forecasting in 13 (Yang et al.  and prediction can be traced back to the 1990s, ANN models are called 'black box' models due to their ability to model dynamic nonlinear systems by detecting patterns in a complex system, without the need to understand the physical mechanism taking place in the system. ANNs are proven to be effective in modeling virtually any nonlinear function to a desired degree of accuracy. The advantages of ANN models over conventional simulation methods have been discussed in detail by French et al. () .
The most popular type of ANN is the multi-layer perceptron (MLP) model optimized with a backpropagation (BP) algorithm. However, a problem solved with ANNs and other non-linear methods is that they have some limitations with non-stationary data if pre-processing of the input data is not conducted. In the last decade, wavelet analysis has been applied in water resources engineering and hydrology, and it has been found to be very effective for handling non-stationary data. Wavelet transforms can decompose the original time series, and the wavelet-transformed data improve the ability of a forecasting model by capturing useful information on various resolution levels (Adamowski & Sun ) .
The main advantages of ANN can be summarized as follows: (1) high efficiency of computation in dealing with large quantities of data and nonlinear relationship between parameters (especially for water quality) and data transfer during the calculation process, which enable its accuracy in water quality assessment or simulation; (2) memory ability of large capacity can store large volumes of water quality data and the corresponding relationship between inputs and outputs, combination of high speed of computation will inevitably enhance intelligence level of water quality assessment and simulation; (3) learning ability avoids some processes such as mechanism analysis, boundary and initial hypothesis, parameter estimation and calibration in establishing groundwater quality simulation, only model training is necessary to determine the input-output relationship, which greatly simplifies the model setup procedure.
The main purpose of this paper is to construct the improved Nemerow pollution index (INPI) method, MLP-ANN and wavelet neural network (WNN) methods and demonstrate their applicability to assess and classify the shallow groundwater quality. Comparison among these three methods can provide useful insights for identifying the effectiveness of each method. face water is scarce, and groundwater has become a dependent source of water supply and servers in many aspects. The selected groundwater quality data of five boreholes were obtained by sampling the water and monitoring the ion concentrations with ion chromatograph in summer and postmonsoon seasons (two times, once a year) according to the standard methods for examination of ground water and wastewater at Dongshan hydrological station, which covers pH, TH, TDS, Ca 2þ , Mg 2þ , Na þ , Cl À , SO 2À 4 , HCO À 3 , NO À 3 , Mn. In this study, the data monitored in summer were used.
DATA AND METHODOLOGY
The study area can be considered as an independent hydro-geological unit due to the sea surrounding all the four sides. Water yield property differs greatly because of lithology and thickness of the aquifer. Groundwater type is coarse porous water, recharged predominantly by rainfall infiltration.
The INPI method
In scientific stream pollution analysis (Nemerow ), the Nemerow pollution index was defined based on the ratio of the maximum concentrations of pollutant in water to environmental standards and the measured mean value (Chen et al. ) . The index is defined as:
where P j stands for the Nemerow index; F max ¼ max
the actual value. The parameters such as the TH, TDS, chemical oxygen demand (COD), Cl -, SO 2À 4 , NO À 3 , NO À 2 , F À are included in the calculation. The water is distributed into three classes according to the method used: the direct use, the indirect use and the none-contact use. The total Nemerow pollution index 'P'
as a weighted average by statistical analysis.
The assessment of groundwater quality was conducted using multivariate indexes, which gives priority to the extreme values and weights, as well as the usage purposes of water. The weights are determined according to various uses for the same water. Three essential factors, the water quality indexes, the assessment method and the extreme values and weights, have to be considered in the water quality assessment in the Nemerow pollution index method.
The INPI ranks the groundwater quality classes in accordance with the amount of pollution factors and the standard limits of each quality grade. The improved approach not only considers the effects of pollutants with the maximum pollution degree, but also takes into account the influence of the most dangerous pollution factor in water during the assessment.
In other words, the impact of the maximum weights, the second-maximum of weights and the second-maximum of the ratio is of great importance in the evaluation. The improved method calculates the maximum of the ratio and weight via:
, P j represents the INPI, F w (considered as the ratio of the maximum of weight) indicates the hazard caused by the most dangerous pollution factor for water quality.
The improved formula considers the second-maximum weight and the second-maximum ratio with:
The improved method applies statistical analysis with different weights for both the measured values and the standard values in water. P 00 j is the INPI after adding the second-maximum of weights. P 000 j is the INPI after adding the second-maximum ratios. F w1 and F w2 are computed as c i =s ij of the maximum and secondmaximum of weights, respectively. F max1 and F max2 are computed as c i =s ij of the maximum and second-maximum of ratios, respectively.
The determination of weights follows the principle of the larger risk and the greater weight. According to the standard for pollutant discharge, the following subsequence is
In this paper, a computation between the measured con- A typical structure of BP neural network topology is shown in Figure 2 . It can be seen in Figure 3 that X 1 , X 2 , …, X k are the input parameters, Y 1 , Y 2 , …, Y m are the predicted outputs and ω ij and ω jk are the weights of the WNN. When the input signal sequence is x i (i ¼ 1, 2, . . . , k) , the formula of the output in hidden layer is:
where h(j) is the output of jth node in the hidden layer; ω ij is the connection weight of the input and hidden layers; b j is the displacement factor of h j ; a j is the stretch factor of h j ; and h j is the wavelet basis function.
When the Morlet wavelet is adapted as the mother wavelet, the mathematical equation is written as:
and the output function of WNN is computed as:
ω ij is the weight from hidden layer to output layer; h(i) is the output of the ith node in the hidden layer; l is the nodes number in the hidden layer; and m is the nodes number in the output layer.
The weights correction method of WNN is similar to the BP neural network. By adjusting the weights and factors of the wavelet basis in the gradient modification, the output of WNN will approximate to the predicted output. The modification procedure of the WNN process is summarized as follows.
(1) Calculate the predictive error:
yn k ð Þ is the predictive output; y k ð Þ is the output of WNN.
(2) Adjust weights and factors of wavelet basis according to the predictive error:
and Δb (i¼1) k are calculated according to the predictive error:
A series of steps are involved in the WNN training:
1. The initialization of networks which contains the parameters such as the weights, the factors of wavelet basis and learning rate. the R 2 value is to 1, the more accurate the model is. The nearer the RMSE and MAE values are to 0, the more accurate the model is. The best fit between observed and calculated values will be obtained with R 2 as 1 and RMSE as 0:
where N is the total number of value, y o is the observed value, y f is the predicted value, y o is the average of observed values and y f is the average of the predicted value.
RESULTS AND DISCUSSION

Groundwater quality assessment in INPI
In this study, the Grade III standard in the National Quality Standard for Groundwater (GB/T 14848-93) is taken as the assessment criterion. Equation (5) is applied to compute the weights of each selected pollution parameter and the result is summarized in Table 1 . Table 2 shows the conversion of the groundwater quality standard from the concentration to the special weights. It can be seen from Table 2 that a water sample with P 000 j less than 0.47643 will be classed into Grade I, which is con- The calculations of P 000 j are summarized in Table 3 for the samples over 8 years. By comparing these calculations with the standard values of P 000 j , Figure 4 demonstrates the results of water quality assessment in the INPI method. By using this method, the water quality evaluation of five wells in the study area 8 years in succession also analyzes the temporal variation of water quality. It is shown that Wells 1-3 remain at the same water quality grade respectively over 8 Figure 5 shows the variation of the error in training process. After the 4998th iteration is finished and the error reaches 0.027, the training process of the BP neural network stopped. The eight indicators, TH, COD, TDS, Cl À , SO 2À 4 , NO À 3 , NO À 2 , F À , are selected as eight input vectors. The evaluation grade is treated as the output vector. The structure of the BP neural network is 8-30-1. There are 30 nodes in the hidden layer. By using the neural network function provided by Matlab, a three-layer BP network model is established. Figure 6 shows the comparison of the evaluated and the actual water quality grade in the testing process. The result of the testing process indicates that the model had a good fit.
Groundwater quality assessment in WNN
Data processing
WNN model needs to be trained before it is used to conduct groundwater quality assessment. The selection of the trained samples is of great concern since it is significantly related to the establishment of the WNN model. In this work, the training sample is extracted from the standard data in The detailed procedure is summarized as follows: 80 samples are extracted from each grade of water samples, thus a total of 400 samples are applied to train the dataset, and a total of 50 samples are applied to validate the dataset. As eight indicators and one corresponding water quality grade are involved, the sample is a nine-dimensional vector. In this process, Grade I is encoded in the dataset as real number 1; Grade II is encoded as to 2, and so on.
Training and testing
In the training process, eight indicators are set as inputs and the water quality grade is set as the output. Since sometimes the output of WNN is not an integer, it means the output of the WNN model cannot be used for the assessment grade directly. We define water quality grade based on the following rule: when the predicted value is less than 1.5, the sample is identified as Grade I. When the predicted value is greater than 1.5 and less than 2.5, the sample is identified as Grade II, and the rest is done in the same manner. Table 4 summarizes these results. Based on the convergence of training error and the matching degree of testing results, the nodes in the hidden layer is determined as 23. After the 2000th iteration, the target error reaches 0.056, and the WNN training process is finished. Figure 7 illustrates the comparison between the evaluated and the actual water quality grade. Obviously the trained WNN model has a higher accuracy by comparing the estimated results with the actual water quality grade. So it is feasible to apply the WNN model for assessing water quality.
Comparative analysis of groundwater quality assessment
To facilitate the comparative water quality assessment results, Table 5 summarizes the assessment results for three methods. The calculated MAE, RMSE and R 2 are 0.292, 0.371, 0.989 for BP-ANN model, and those of WNN are 0.073, 0.091 and 0.996, indicating that WNN model has a higher accuracy. Although the BP model has a good stability shown above, the evaluating result has a relatively large difference. According to the comparison of two neural network methods, the WNN method has a higher accuracy than the BP-ANN method. The BP method requires more iteration with no guarantee of accuracy of the results for the same task. It reveals that the WNN and NMR methods are both effective for water quality assessment because the result is consistent with the actual water quality status.
CONCLUSIONS
In order to assess the groundwater quality in the coastal aquifer, water samples collected during the summer season were investigated in the INPI method, multiple layer perception neural network optimized with back propagation algorithm and wavelet transform neural network. The Output of WNN y < 1.5 1.5 y < 2.5 2.5 y < 3.5 3.5 y < 4.5 4.5 y I  II  III  IV  V INPI approach not only considers the effects of pollutants with the maximum pollution degree, but also takes into account the influence of the most dangerous pollution factor including the impact of the maximum weights, the second-maximum of weights and the second-maximum of the ratio, which is of great importance in the evaluation.
Assignment of grade
BP-ANN and WNN both demonstrate good performance
in assessing groundwater quality, however, WNN has higher accuracy. To protect shallow water sources from contamination, further study will focus on the exploration about what kinds of pollutants dominantly control the groundwater quality.
Some limitations of the present methods used in this study have to be addressed. The INPI method overestimates the maximum pollution factors. The BP-ANN method, the initial weight and learning rate of hidden layer were artificially determined with experience, therefore the learning process may fall into the local minimum in some cases. Keeping in view the seasonal changes of groundwater chemistry, it is suggested that more water sample data in different seasons and their repeat analysis are required in future work.
